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Remaining useful life estimation model for aero-engine using

multi-feature attention
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Abstract: The degradation trend of aero—engine performance is complex, so it is very important to predict its re-

maining life and maintain it in time. In this paper, a dilated convolution network based on multi-feature attention

model is presented to predict the remaining useful life (RUL) of aero—engine. In this model, dilated convolution is

used to enhance the ability to extract temporal features of sequence data, and residual connections are established to

improve the problem of gradient disappearance in traditional convolution networks. Firstly, the raw input data are

reconstructed by sliding time window of fixed length to intercept data along the time dimension. Then the dilated

convolution networks extract the temporal features of corresponding to each feature respectively. Finally, the fea-

ture attention mechanism is used to calculate the relative importance of features. Experimental results demonstrate

that the proposed algorithm has better accuracy of RUL estimation than the other comparative models.
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Fig. 2 Structure diagram of dilated convolution

networks based on multi feature attention

B ARl A AL 5 26 4R |, 43 0 2 Kk B B g
S BTN 3B AT S CRAT R L R
U A ) A 21 A A R DU i SR AR BT
b IF AR Br A S 8RR o = A # B, .
FDO001 H setting 3 Ml sensor[1,5,6,10,16,18,19]
MR 2 2R e A A2 Ak TRl RE L, 7E FDOO3 H sensors
[1,5,16,18,19] fil setting 3 B AR . K T I
DN BB, R R S IX SR, FD002
FDO04 i it A B0 &6 F K U 25 o B S5t I 25 4 4 R
7+ 3 1Y LR 3 A I 2 A R IR TE AR, > S AU A 5 ik
£ LIS RGP B R B R I 4

3.2 HiEmAE
o TR ok A 2B B AR, D iE



52

TR« 2RV T D B 7S R Sl AL A% A i 0 A% A 77

3R R A 8] PRS2 22 St 14 52 W, B T AE TR ) WA S5 e JEE
FIORS B2 5 200 R0 80 f50R — f Ak 31 R i A B vh
12 AR 2 O B AR B B SRR WIAELO, 1] 2 18]
H— ALy 22 50

X, — Il_mn

norm -] J

i max ___ _.min ( 8)
X X

K ez, A eI 205 A K S BIL 5 4 A SR 4
(B 5™ )™ 43 0 R 5 A AR R B B/ ME B R
{B ;0™ A — b5 H 1A

ol A (i FH 75 i b 25 (5L 6 T 0 45 SR A B R
W % ShAILFE NI T 46328 17 10 B B, 2% 56 14 14 RE 4B
TR AF, BB BB AL AT 28 R i fEiE AT —
B a] 5 o IR ek 1R Ak Y 1E 0 AR 2k R AR B Bt
Fie B 28 P ok 8008 o Y Oy 2U i B RUL B{E hy 125,
MR F ATl FAE B, RUL S 18 & (5 5/ T B E
i, RUL B J 3 2 M oal /b, 4 1 AR Al B A 4 181 3
Fi7R o

160
140

120

RULAY
o]
(=)
4
4
(4

8I0 1(])0 1;0 1:10 160 ;;30
4T R
K3 o B priR A s i &
Fig.3 Piecewise linear degradation model
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Table 2 Influence of different sliding window lengths
IS Ry S

FDO001 FDO002 FDO003 FD004 FDO0O1 FDO002 FDO003 FD004
30 13.71 21.05 16. 85 23.25 297.99 3969.45 907.03 4905.78
40 12. 86 21.53 14. 46 23.07 278. 33 6 951. 00 384.11 8 819.43
50 13.53 22.91 12. 34 19. 51 322.95 4182. 36 257.70 2930.71
60 15. 64 20. 09 10. 07 16. 06 444.72 3032.97 217.07 1365.05
70 12.09 21.57 12.99 18. 82 244. 39 4498.42 361.41 2462.63
80 11.97 15.44 13.87 15.88 236.59 1631.29 1046.41 1380.47
90 11.71 12.75 12.22 15.87 226.17 795. 24 316.54 1321.97
100 11.13 14.22 13.46 15. 86 198. 56 1124.42 883. 38 1433.41

EEXFANTR 8 B RS B R ECE Ik R
B SR SR, DLt R 200 O ik SR
ZH0, 4 AR TR B s S5 AT I 2k B 3R AR
RIS BHAHBEWMESHF R, JLUEH . XF
FDO01~FDO04 4 £E , F5e L 1) 46 B R ST R il v
KJE4rmh12,6,10,12],[100,90,60,100].

*3 BB

Table 3 Parameters of model
BRERCE 64
LIRS [12,6,10,12]

g2 ik 22 B {1,2,4,8,16,32}
eI 25 64
AR B 100
NS 3
b Adam
U 2% 2] % 0. 005
AR [100,90,60,100]

B A SR A 25 B 5 LA 3 3 ik AT X b,
MFE AR, TLLEH AR CH AR AEZ T 01
FDO002 F1 FDOO04 % 4f 4 1 4 151 00 2550 S 4 {ACAS o
TR FDOOL A FDOO3 4l 45 JR N 2 2 T I &2
B 2275 1) T A 0858 25 5% W 2 TR 19 4% SR 28 R AIE

=
ME LLAZ i % JR% 2 DA 3 A7 21 % &4y AR Ak KL AR, 52 el

TN A5 o A B 22 B SR R AR AR AR SRR AR A Y
B LB Ryse 1A 20 B FEAR T 2.7%6.26. 1% .
1.4% .18. 3% ; £ £ 4 4 FD002 ,FD003 A1 FD004
B S BB F AR . Ry & X FRIG AT,
Seore s AEXT FRAG AR, Seore I KT KT T 43 77 i 1 A 47
FIERS 25 A R PIFIFE AR | Ry H 5 8 M 3% {4
AR I & Bl ML Ay 7 A 00 TR B 7E Ry (8
AH I A BN L Seore 805 8 S WX 2 SN L FE 4% 75 i
e Al AR AR G B0 o 28 b AR SCHR I Z AR E T B

T K 2 B R TE 2 T B9 FDO02 Al FD004 %1 4
£ LRAMRE G, AW E SR LERE

H &5t

6 4R AT AT VR A DI A A
Fd 5 HHRAT I BN H

Table 4 Comparison of with current popular methods

i Bl 4 Ryise Score
FDO0O01 17.28 656. 51
CNNLSTML FDO002 28.49 6 970. 07
FD003 18. 59 1024.80
FDOO04 27.09 6 548. 54
FDO0O01 15.51 593
syl FDO002 20.19 6 820
FD003 12. 59 280
FDO004 23.94 19 424
FDO01 11.44 196. 22
MS-DENN FD002 19.35 3747
FDO003 11.67 241.89
FDO004 22.22 4 844
FDO001 12.61 273.7
- FDO002 22.36 10 412
FDO003 12.64 284.1
FDOO04 23.31 12 466
FDO0O01 11.48 198
NN AT FD002 17.25 1144
FD003 12.31 251
FDOO04 20.58 2072
FDO0O01 12.61 224.73
CNN-XGEL! FD002 19.61 2525. 99
FD003 13.01 279. 36
FDOO04 19.41 2 930. 65
FDO0O01 11.13 198. 56
) FDO002 12.75 795. 24
e FD003 10.07 217.07
FDOO4 15. 86 1433.41
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Fig.5 The comparison between predicted
RUL and actual RUL for testing engines
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